We previously demonstrated that the phase of oscillations modulates neural 13 activity representing categorical information using human intracranial recordings and 14 high-frequency activity from local field potentials (Watrous et al., 2015b). We extend 15 these findings here using human single-neuron recordings during a navigation task. We 45 Manning et al., 2009; Miller et al., 2014). However, given the complex and variable 46 relationship (Ekstrom et al., 2007; Manning et al., 2009; Rey et al., 2014) between the 47 spiking of particular single neurons and high-frequency activity in the human medial 48 temporal lobe (MTL), it is unclear whether human MTL neurons show phase coding of 49 navigationally relevant information beyond an overall preference to fire at particular 50 phases (Jacobs et al., 2007). We thus sought to extend our previous findings of LFP 51 2 phase coding (Watrous et al., 2015b) to the single-neuron level in patients performing a 52 virtual navigation task, hypothesizing that phase coding would occur to low-frequency 53 oscillations based on both human studies (Jacobs et al., 2010; Watrous et al., 2011; 54 Ekstrom et al., 2005; Mormann et al., 2008) and the above-described rodent work.
in each brain area. Asterisk indicates significant counts using binomial test. C) Example 159 neuron from the hippocampus of patient 12 whose firing rate was modulated during goal 160 planning (p<.0001). D) Example neuron from the parahippocampal gyrus of patient 8 161 whose firing rate was modulated during goal arrival (p=.0002). E) Proportion of task-162 responsive neurons in each brain area, shown separately for planning and arrival. See 163 methods for regional acronyms.
165
Slow theta oscillations (3Hz) in the MTL during virtual navigation 166 Our primary hypothesis was that human MTL neurons encode behavioral 167 information by modulating their spiking based on the phase of slow oscillations beyond 168 changes in firing rate. Examining this hypothesis required that we accurately identify the 169 presence and phase of slow oscillations, particularly because human MTL oscillations 170 are lower frequency and less stationary compared to the stable theta oscillations 171 observed in rodents (Watrous et al., 2013; Vass et al., 2016) . We developed and 172 validated a novel method, the Multiple Oscillations Detection Algorithm ("MODAL"; 
200
MODAL reliably identified oscillations at multiple frequencies that were visible in 201 the raw trace ( Figure 2B -C). Analyzing each of 385 LFP channels from the MTL across 202 the entire task period using MODAL, we found that most channels showed a band of 203 activity centered at "slow theta" (~3Hz; 93% of signals; Figure 2D , gray line). Analyzing 204 the overall amount of time each frequency was detected on these electrodes, we found 205 that slow theta was detected most often ( Figure 2D 214 Watrous et al., 2013; Vass et al., 2016 , Jacobs, 2014 Bohbot et al., 2017) . We 215 subsequently restricted our analysis of phase coding to this low-frequency band (1-10 216 Hz) because it was most prominently detected by MODAL and because activity in this 217 band has been shown to modulate human single-neuron firing (Jacobs et al., 2007) .
219
Slow theta phase modulates neuronal firing
220
As a precursor to testing for phase coding, we asked if phase coordinates the 221 activity of individual neurons across the entire task session in the bands identified by
222
MODAL. Focusing first on the MTL, we analyzed 466 neurons that each had a 223 simultaneously recorded LFP with an oscillation in a low-frequency band (1-10 Hz). In 224 many cells we observed significant phase-locking, an overall tendency for firing to 225 increase at particular phases of the LFP oscillation (Jacobs et al., 2007; Rey et al., 226 2014) . Phase locking is evident by examining the LFP phase distribution for all spikes 227 that occurred during oscillations from a given cell ( Figure 3A upper 
249
LFP channel with a band in the 1-10 Hz range. See methods for regional acronyms.
251
The SCERT model predicts that neuronal activity is modulated by oscillations at 252 particular frequencies. Because the LFPs associated with 48 neurons displayed 253 oscillations at two distinct frequency bands in the 1-10-Hz range, we were able to test if 254 the spike-LFP phase locking was specific to an individual frequency band or present for 255 both bands. 12.5% of these cells (6/48) showed frequency-specific phase locking,
256
showing phase-locked firing in only one LFP frequency band (Figure 3a ; p<.005 in one 257 band, p>.1 in all other bands). Thus, extending previous findings (Jacobs et al., 2007) 258 To further understand hippocampal phase coding and motivated by our findings 302 of differential firing rate modulation during planning and arrival, we investigated if phase 303 coding differentially occurred during different task periods. Observing such a distinction 304 would indicate that phase coding for goals is behaviorally relevant because the effects 305 relate to navigational planning or goal arrival. We thus re-ran our decoding analysis for 306 hippocampal neurons and restricted the analysis to either planning or arrival periods of 307 each trial. We identified a subset of 24 hippocampal neurons that showed significant 308 decoding (p<.05) during the planning period, a proportion significantly above chance 309 (24/186 neurons, 12% Binomial test p<.00001, chance = 9.3 neurons). Similarly, we 310 identified a mostly distinct subset of neurons (e.g., Figure 4 -figure supplements 1 and 2) 311 that showed phase coding during goal arrival (24/186 neurons, 12%, Binomial test 312 p<.00001). Importantly, these were largely distinct subsets of hippocampal neurons and 313 were found in different patient groups, with only 2 neurons significant for both planning 314 and arrival. Because we imposed two statistical thresholds per cell for inclusion, this 315 analysis is statistically more stringent than the preceding analysis, which assessed 316 phase coding over the entire task period, and thus the neuron counts are expected to be 317 substantially smaller.
318
In sum, we find evidence that phase-coding by individual neurons is specific to 319 particular task periods. We conclude that phase coding occurs in distinct hippocampal 320 populations in support of navigational planning and goal arrival. More broadly, these 321 findings suggest that phase-based coding is a general phenomenon used by MTL 322 neurons to represent various types of contextual information.
323
We performed several control analyses to exclude alternate accounts of our 324 findings (see Supplemental Materials for full details). Ruling out signal-to-noise ratio 325 concerns when measuring phase, phase coding was not related to the overall 326 prevalence of oscillations detected by MODAL (rho = -0.0049, p=.9) nor to oscillatory 327 bandwidth (rho =.008, p=.85). Finally, to link these findings to our previous work using 328 high-frequency activity (Watrous et al., 2015b), we observed a significant positive 329 relationship (shuffle corrected p<.01) between single-neuron firing rate and high-330 frequency activity in 41% of recorded neurons, suggesting that the phenomenon are 331 related in many cases. We thus conclude that phase coding is a robust mechanism for 332 neural representation in the human brain during navigation.
334

Discussion
335
Analyzing recordings from epilepsy patients performing a goal-directed 336 navigation task, we expand our previous observation of phase-coding with high-337 frequency LFPs (Watrous et al., 2015b) to the domain of single neuron spiking. In 338 addition to firing rate modulations (discussed below), we found a distinct population of 339 cells in which spike-LFP phase coding contributed to representations in the absence of 340 significant changes in firing rate (Hyman et al., 2005; Rutishauser et al., 2010) . In 341 addition, we found neurons that were phase-locked to frequency-specific narrowband 342 oscillations primarily in the slow-theta band. Together, these findings provide new, 343 stronger evidence for SCERT and related models that posit a role for oscillatory phase in We replicated the earlier finding of firing-rate coding of goal representations in 347 human single-cell activity (Ekstrom et al., 2003) and provide novel evidence for MTL and 348 medial prefrontal neuronal firing during navigational planning ( Figure 1E ). Consistent 349 with its role in viewpoint-dependent scene processing (Epstein et al., 2003) , we found 350 neurons in parahippocampal gyrus that were modulated during navigational arrival. In 351 our analysis of goal modulation, we identified a similar number of neurons that were 352 rate-modulated (n=53) or spike-LFP phase modulated (n=63) and these were largely 353 non-overlapping neuronal populations. Phase-coding also appeared to be modulated by 354 current task demands such that it appeared during either navigational planning or goal 355 arrival. Because different groups of cells show rate versus phase coding for goals, it 356 indicates that these phenomena are partially distinct (Huxter et al., 2003) and that phase 357 coding is not an epiphenomenon.
358
Our analyses benefited from employing the MODAL algorithm, which combines 359 features of earlier algorithms (Whitten et al., 2011; Lega et al., 2012; Cohen 2014) to 360 identify oscillatory bands in a manner that is customized for each recording site.
361
MODAL is an improvement on these methods because it adaptively identifies oscillatory 68, 225, 200, 82, 137 neurons, respectively) . Acronyms for these regions are Hipp, EC,
418
PHG, Amy, OF, Motor, and mPFC, respectively. Subsets of these neurons were 419 analyzed depending on the inclusion criteria for each specific analysis. For instance, 420 only neurons with simultaneously recorded LFPs exhibiting 1-10 Hz oscillations were 421 analyzed for phase locking and phase coding. Microwire signals were recorded at 28-32 422 kHz and captured LFPs and action potentials, which were spike-sorted using wave_clus 423 (Quiroga et al., 2004) . Signals were then downsampled to 2 kHz.
424
We examined data from a total of 31 recording sessions in which patients 425 performed a continuous virtual-taxi driver game in a circular environment. Patients were 426 instructed to drive passengers to one of 6 goal stores in the virtual environment. Upon 427 arrival, they were given a new goal destination. The task was self-paced in order to 428 accommodate patient testing needs and therefore patients performed at ceiling.
429
Patients performed an average of 73 deliveries in each session (standard deviation = 11 430 deliveries). To assess behavioral performance, we calculated the drive time for each 431 delivery, defined as the amount of time to drive between goal stores. We binned each 432 task session into quintiles and calculated a Kruskal-Wallis test across task sessions.
433
The recordings and behavioral task have been detailed in prior publications that have 434 characterized the spatial-tuning of neurons using firing rate alone (Jacobs et al., 2010;  435 Miller et al., 2015) . Here, our primary analyses focused on how contextual information 436 about navigational goals may be encoded based on firing rates and spike-LFP 437 interactions.
439
Detection and Rejection of Epileptogenic signals 440
We implemented an automated algorithm to detect and exclude epochs of signal 441 likely resulting from epileptic activity following prior work (Gelinas et al., 2016) . We first 442 low-pass filtered (4th order Butterworth) the signal below 80 Hz to remove any spike-443 contamination at high frequencies. Epochs were marked for rejection if the envelope of 444 the unfiltered signal was 4 standard deviations above the baseline or if the envelope of 445 the 25-80Hz bandpass filtered signal (after rectification) was 4 standard deviations 446 above the baseline. In some cases, we noted short "bad data" epochs lasting less than 447 one second were not detected. We conservatively elected to exclude these epochs by 448 marking any "good data" epoch lasting less than one second as "bad". Bad data epochs 449 were excluded from all analyses.
451
Multiple Oscillations Detection Algorithm ("MODAL") 452 Numerous factors contribute to the presence and characteristics of band-limited 453 neural oscillations, broadly including neuroanatomy, behavioral state, and recording 454 equipment (Buzsaki et al., 2012) . We developed an algorithm to adaptively detect and 455 characterize neural oscillations in bands exceeding the background 1/f spectrum 456 motivated by rodent studies that exclude periods of low amplitude theta oscillations 457 when assessing phase coding (Lenck-Santini & Holmes, 2008) . To this end, we 458 modified the "frequency sliding" algorithm (Cohen 2014), which provides the 459 instantaneous phase and frequency of oscillations in a band, in two important ways.
460
First, rather than calculating frequency sliding in a priori bands, we defined bands 461 for subsequent analysis on each electrode as those frequencies exceeding the 462 background 1/f spectrum. We calculated power values in .5Hz steps from 1 to 50 Hz 463 using 6 cycle Morlet wavelet convolution. We then created a power spectrum by 464 averaging values over time (and excluding bad data epochs), and fit a line to this 465 spectrum in log-log space using robustfit in Matlab. Similar approaches have been used 466 previously (Lega et al., 2012; Podvalny et al., 2015) . Frequency band edges were 467 defined as the lowest and highest frequencies in a contiguous set of frequencies that 468 had values exceeding this fit; several bands could be detected on each electrode. We 469 then calculated the instantaneous frequency and phase in each detected band using the 470 "frequency sliding" algorithm (Cohen 2014).
471
Second, frequency sliding provides a frequency and phase estimate at every 472 moment in time, regardless of the presence or absence of an oscillation. We ensured 473 that phase & frequency estimates were only obtained during time periods where there 474 was increased power in the band of interest. We recomputed the power spectrum in 10 475 second, non-overlapping windows and recomputed the fit line as described above. We 476 excluded phase and frequency estimates at time points 1) in which the power was below 477 the fit line or, 2) were during bad data epochs. Finally, we also excluded noisy 478 frequency estimates outside of the band, which can occur based on "phase slips" 479 (Cohen 2014). MODAL was implemented in Matlab using custom code that is available 480 on Github (https://github.com/andrew-j-watrous/MODAL).
482
Statistical Analyses
483
To assess how neuronal activity may vary during navigational planning and goal 484 arrival, we split each delivery in half and operationalized the first half of each delivery as 485 the planning period and the second half of each delivery as the arrival period. This 486 approach has the advantage of creating equally sized temporal windows for analysis but 487 does not allow us to draw firm conclusions regarding the precise temporal dynamics of 488 navigational planning or goal arrival. We analyzed neural firing rate using a two-way 489 ANOVA with factors of navigational goal and task period. Cells which exhibited main 490 effects of goal or task period (defined as p<.05 uncorrected) were considered significant.
491
We used Rayleigh tests to identify phase-locked neural firing, extracting the 492 phase of the LFP during each spike in each detected frequency band. All analyses were 493 done considering each band separately and statistical thresholding was set at p<.005 for 494 each cell. This was chosen to be stricter than p<.05 Bonferroni-correction across the 495 number of bands detected in the 1-10Hz range. To control for the possibility that non-496 sinusoidal oscillations led to spurious phase-locking, we tested if the distribution of spike 497 phases was different from the distribution of all phases on the LFP. 96% of phase-498 locked cells had a significantly different phase-preference to that of the entire LFP 499 (p<.05; Watson Williams test), suggesting that phase-locked activity was not a byproduct 500 of non-sinusoidal oscillations.
502
Assessment of phase coding using cross-validated decoding
503
We used a decoding-based approach to identify phase coding, employing a 504 linear decoder with fivefold cross-validation to predict the behavioral goal from the phase 505 of the LFP during neural spiking. In each band detected by MODAL, we first computed 506 the sine and cosine of the phase values before classification following previous work 507 (Lopour et al., 2013; Watrous et al., 2015b) . Chance performance varies across cells 508 because we classified goal information associated with the LFP phase for each spike 509 and the distribution of spikes across goals varied between cells. Similarly, circular 510 statistics can be influenced by small sample sizes. We accounted for these issues using 511 a permutation procedure, re-running our classification 500 times per cell using shuffled 512 goal information (circshift in Matlab to maintain the temporal structure of the session) to 513 get a surrogate distribution of classification accuracies per cell. We then obtained a p-514 value for classification by ranking our observed classification accuracy to the surrogate 515 distribution; p-values less than .05 were considered significant. We additionally ruled out 516 the possibility that our phase-decoding approach was biased to observe effects in more 517 narrow oscillatory bands, finding no correlation between phase-decoding classifier 518 accuracy and oscillatory bandwidth (rho=-.008, p= .85; see also Supplemental 519 Materials).
520
We then used the above decoding approach considering spikes in only the first 
800
We assessed signal to noise ratio in two ways to see if it may contribute to or 801 confound our results. First, we correlated the phase-decoding classification in accuracy 802 in each band with the proportion of time oscillations were detected over the whole 803 session. We did not observe a relation between the prevalence of oscillations and phase 804 decoding (rho = -0.0049, p=.9). Second, we performed an analysis testing whether 805 phase-coding, measured by classification accuracy of our decoder, was related to the 806 oscillatory bandwidth. We did not observe any relationship between the two measures 807 (rho = -.008, p = .85), indicating that phase coding in the range we are considering (<10 808 Hz) is unrelated to bands with wider (possibly less stable) frequencies.
809
To determine how the present single-neuron results relate to our previous work 810 (Watrous et al., 2015b) , we tested whether high frequency activity (HFA; 65-120 Hz) was 811 correlated with single-neuron spiking. Excluding bad epochs and analyzing the entire 812 recording session for each LFP with an associated single-neuron recording, we 813 correlated z-scored HFA with a smoothed firing rate vector (500 ms kernel). We 1. This neuron showed significant decoding using spike phases (shuffle corrected 900 p=.002) and no firing rate effects (all p>.5 using two-way ANOVA with goal and task 901 period). Phase coding was more robust during goal arrival than during planning (p<.002 902 and p=.08, respectively) and is evident when comparing panel C and F. A) LFP traces 903 and spiking for a single delivery to goal 2, demonstrating consistent spiking near the 904 ascending peak of the low-frequency oscillation (MODAL band detected 1-5 Hz 
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